Abstract I use a long-run risk model with non-separable consumption and leisure in the preferences to price a cross-section of equity portfolios over 1948-2011 for the U.S. market. I estimate the model factors using a VAR with state variables that predict consumption and leisure growth. I find that growth (big) stocks obtain higher longrun leisure beta but lower long-run consumption beta than do value (small) stocks. Because investors can substitute across time between consumption and leisure, using leisure as a 'hedge' and increasing the cost of capital while improving future investment opportunities by decreasing the price of long-run risk, rational long-term investors ask for relatively lower equity premiums for bearing the predominant long-run leisure risk. My model does well, in terms of a variety of criteria, relative to competing models in explaining, for example, spreads between value (small) and growth (big) portfolios.
Introduction
Using a dynamic equilibrium model, this paper investigates long-run consumption, leisure, and equity premium on asset returns. The paper focuses primarily on leisure. The central insight of the paper is that, persistent leisure decreases the price of long run risk and act as a insurance for households. This simple feature improves the model's performance with respect to the standard model's failures in asset pricing to explain cross-sectional equity premium puzzles.
Empirically, a highly persistent consumption process is the essence for the long run risk in Bansal and Yaron (2004) . Direct intuition about my paper might suggest the opposite, since the persistence of the predictable component in consumption growth makes inference about consumption growth rates very difficult. However, the amount and quality of leisure time is important for people's well-being for the direct satisfaction (utility) it brings. Moreover, leisure data shows more persistence and exhibits time-varying volatility. Thus introducing leisure into the long run model leads to nontrivial interaction between consumption and leisure choice. To measure these long run risks properly, I use a log-linear approximate inter-temporal Euler equation to derive news on consumption and leisure and estimate them via a vector auto-regression (VAR); the excess returns on any equity can be interpreted by news on consumption and leisure.
The value of a portfolio may fall because investors receive bad news about future consumption growth; but it may also fall because investors can substitute between consumption and leisure across time. This inter-temporal substitution between leisure and consumption then leads to leisure's being a 'hedge', which increases the cost of capital but improves future investment opportunities by decreasing the price of long-run risk. Therefore a rational long-term investor may ask for more compensation to hold assets that co-vary with news about consumption growth, than for holding assets that co-vary with news about future leisure: poor returns driven by leisure news are partially compensated by improved prospects for future returns.
A great deal of the related literature has been drawn on. Eichenbaum, Hansen and Singleton (1988) investigate empirically a model of aggregate consumption and leisure decisions over time. They set up a power utility with non-separable consumption and leisure; a non-separable consumption and leisure utility makes the inter-temporal leisure choice enter the intertemporal Euler equation or the pricing kernel. My paper contributes another factor, long-run leisure, using Epstein-Zin preference. I build on earlier work of Uhlig (2006) . Uhlig generally incorporates leisure using Epstein-Zin utility, which allows for 'long run' effects on agents' preferences. Based on the Uhlig model as the basic analytic structure, the present paper studies the interaction between leisure and consumption news for its effect on asset pricing. In other words, I extend his model with a specific non-separable consumption and leisure inter-temporal utility. While I log-linearize the first order conditions with respect to value function, consumption and the wealth invested in some assets, the stochastic discount factor (SDF) depends on news of consumption, leisure and an exogenous trend.
Yang (2011) assumes a specific process for the dynamics of leisure and consumption, and uses these with E-Z utility in a data simulation. Furthermore, Yang augments leisure with aggregate consumption as a quality factor. Because consumption has risen over time, while leisure hours stay flat. Then the technology advances that have been driving the economic growth should also make leisure hours more pleasant and enjoyable. Likewise, I introduce an exogenous trend for leading the income and substitution effects balance, when wages grow with consumption. However, my paper directly studies the leisure effect in the pricing kernel instead of the long-run relations between real wage, labor and consumption 1 . Because the wage impact on both leisure and market work is indeterminate 2 .
Another key to my success in explaining cross-sectional asset pricing puzzles is the use of leisure data, taken as the difference between a fixed time endowment and the observable hours spent on working, home production, schooling, communication, and personal care. It is widely accepted that market work is not leisure, even though some individuals enjoy their work. Moreover, all of the home production models subtract time spent in home production from the time endowment, so that more time spent in home production reduces utility. As for time spent in formal schooling, Rios-Rull (1993) sets up a model in which time devoted to schooling reduces leisure, and hence reduces momentary utility. Extending to Yang (2011) database, the quarterly sample of 1948-2011 leisure shows counter-cyclicality, persistence, and exhibits time-varying volatility. The sample data also reveal that the correlation coefficients between leisure growth and equity excess returns 1 Dittmar and Palomino (2010) study the link between labor income and leisure was provided by the marginal rate of substitution between consumption and leisure.
2 Empirical work by Bloch and Gronau using United States and Israeli data suggests that leisure among couples is positively related to the husband's wage income, negatively related to the wife's wage income, and positively related to non-wage income.
are much higher than those between per capita consumption growth and excess returns when the time horizon increases. I find that value (small) stocks, which demand a greater reward, bear more long run consumption risk and less long run leisure risk than growth (big) stocks do. News on consumption, leisure, and consumption trends significantly price the risks on cross-sectional excess returns; my model improves the performance of the standard consumption-based CAPM and Fama-French three-factor models. Then I backout the relative risk aversion (RRA) and the elasticity inter-temporal substitution (EIS). After running regressions without the constant term, RRA equals to 5.78 meanwhile 1.48 for EIS; the estimated model with constant derives that RRA is 2.02 and EIS is 1.31.
In the rest of the present paper, I first evidence some stylized facts from the data in Section 2. Section 3 introduces the basic model and derives the SDF. Section 4 specifies the estimation method for the pricing kernel and describes the data. In Section 5, I estimate the preference parameters via a GMM estimator and show its performance on SDF pricing various crosssectional returns on assets. Section 6 concludes.
Stylized Facts

Leisure and Consumption
The activities with the highest enjoyment scores (sex, playing sports, etc.) are those that one would generally classify as leisure 3 . 'Work' has an enjoyment index of seven. Since work is generally considered not to be leisure, it would seem logical to classify any activity with an enjoyment level fewer than seven as a non-leisure activity. Therefore, leisure is constructed as the residual time after subtracting time spent in non-leisure activities from time available; in addition to work, school, and home production, I also subtract commuting and personal care time as non-leisure time 4 . Figure 2 shows the average weekly leisure, which takes into account demographic and sectoral movements. On average, the amount of leisure is about 44 hours per week. Moreover, leisure is strongly counter-cyclical. It tends to increase during recessions and decrease during expansions, especially during the 2007 subprime mortgage crisis, people increased weekly leisure in order to compensate for the loss of utility.
Non-durable consumption and services is shown in Figure 3 . Unlike leisure hours, consumption is strongly cyclical: when the good (bad) times come, individuals will increase (decrease) the level of consumption.
In Figure 4 , leisure growth exhibits large oscillations during the pre-WWII period, but stays relatively tranquil during the post-war period; an underlying volatility process that stays low most of time, but can become large occasionally, especially after the financial crisis period of 2007. The volatility of leisure growth is about 27.96% (35.22% and 27.04% for demographic, productivity and Tornqvist adjusted measures), almost the same as that for consumption growth with 29.95%.
Panel A of Table 1 reports the significant first order autocorrelations of leisure as 0.38. As in Bansal and Yaron (2004) , the variance ratio test is performed on both its log and realized volatility of innovations. In particular, Panel B reports the variance ratio test for leisure. If it is an i.i.d., then the ratio should be equal to 1. A ratio higher (lower) than unity implies that a positive (negative) autocorrelation dominates. Panel C investigates the time-varying volatility of leisure. In the absence of time-varying volatility, the ratio and adjusted variance ratios would be flat with respect to the horizon, and stay close to unity. Table 1 shows the opposite: the adjusted  variance ratios 5 are all below unity, which, together with the decreasing variance ratios, provides evidence of a negative serial correlation in the realized volatility: leisure tends toward mean reversion 6 .
To provide additional support, Panel D of Table 1 explores the predictive relations between the realized growth and the price-dividend ratio. The results indicate that realized leisure growth in the future is predicted by the 5 To examine the dependence of the variance ratio on the horizon, I follow Poterba and Summers (1988) and adjust for the small-sample bias by dividing the empirical estimates by the averages of the bootstrap results. 6 For statistical inference, I generate 5000 block-bootstrap samples and compute variance ratios for each sample. Here, the re-sampling treats each data point in the time series as independent.
log price-dividend ratio,
with negative slopes. Conversely, log price-dividend ratios in the future are also predicted by the realized leisure growth,
also with negative slopes. Both sets of results are statistically strong.
In Figure 5 I show that the growth of per capita non-durable consumption and services is pro-cyclical. Table 2 presents the empirical properties for quarterly per capita nondurable consumption and services. Panel A reports a significant first order autocorrelation of 0.28. This estimate is close to that reported in Bansal and Yaron (2004) . Notably, the autocorrelations for leisure and consumption exhibit patterns that are very similar both qualitatively and quantitatively. Panel B and Panel C show that the short run consumption is close to a random walk, but the volatility is time-varying when the time horizon increases. Panel D provides further evidence for the positive predictive relations between the realized consumption growth and the price-dividend ratio. These results are similar to those reported in Bansal and Yaron (2004) and Bansal, Khatchatrian and Yaron (2004) for nondurable consumption growth.
Leisure, Consumption and Asset Returns
In this part, the basic rolling correlations among leisure growth, per capita consumption growth, and equity returns are studied. In order to study the 'pure' relations, I take out some predictable movements, i.e., real market price-dividend ratios, in order to calculate conditional correlations and standard deviations. The same is true for per capita non-durable consumption and leisure.
Here, the log excess returns r t+1 −r f t is calculated by using the time series TRSP500, the total value of an S&P500 portfolio, with dividends reinvested, took logs and quarterly averages, and subtracted from this series the log of the value of a 'safe' portfolio of compounded quarterly interest rates, taken from the three-month treasury bill rate.
I pick rolling Spearman correlation between variables. The correlation between leisure and excess returns over a short holding period of four quarters ahead is very low. More interestingly, the picture does change at longer holding horizons. For example, at a holding period of five quarters, the correlations between leisure and excess returns is -0.1 compared to -0.3 between consumption and excess returns for Spearman and Kendall correlations; the correlations between leisure and excess returns generally exceed the correlation of consumption with excess returns at horizons above 10 quarters. Moreover, the correlation between leisure and stock returns is negative. This is consistent with the stylized business cycle facts that leisure is countercyclical while consumption is pro-cyclical.
The Model
Epstein-Zin Preferences with Leisure
Let consider the model of Uhlig (2006), the representative household has preference such as the Epstein-Zin utility function
where β is the subjective discount rate, υ denotes the curvature of the E-Z utility, υ ∈ , υ = 1, C t and L t stand for consumption and weekly leisure hours 7 .
The value function here is similar to the dynamic Bellman equation, but with their value functions twisted and untwisted by the coefficient 1 − υ. When υ = 0, the preference given by the above reduces to special case of expected utility. The main advantage of the recursive preference is that it allows for greater flexibility in modeling risk aversion and the intertemporal elasticity of substitution. In the recursive preference above, the intertemporal elasticity of substitution over deterministic consumption paths is exactly the same as in the expected utility, but the household's risk aversion with 7 Note that, traditionally, Epstein-Zin preferences over consumption and leisure streams have been written as
respect to gambles can be amplified (or attenuated) by the additional parameter υ.
To specify the utility, I follow Eichenbaum, Hansen and Singleton (1998), the intra-temporal utility U t is given by
where α is the expenditure share of consumption, for instance, a 1% drop in consumption results in an α% drop in the consumption-leisure composite. η denotes the risk aversion on the temporal utility.
Swanson (2012) has proofed that the risk aversion of the recursive preference is given by
where S denotes the household's beginning-of-period assets in her budget constraint, θ is exogenous to the household and V stands for the value function. Some comparison of the expressions −V 11 /V 1 and −u 11 /u 1 (the intertemporal utility) helps to clarify why the former measure is the relevant one for pricing assets, such as stocks or bonds. −V 11 /V 1 is the Arrow-Pratt coefficient of absolute risk aversion for gambles over income or wealth in period t. In contrast, the expression −u 11 /u 1 is the risk aversion coefficient for a hypothetical gamble in which the household is forced to consume immediately the outcome of the gamble. Clearly, it is the former concept that corresponds to the stochastic payoffs of a standard asset such as a stock or bond. In order for −u 11 /u 1 to be the relevant measure for pricing a security, it is not enough that the security pay off in units of consumption in period t + 1. The household would additionally have to be prevented from adjusting its consumption and labor choices in period t + 1 in response to the security's payoffs, so that the household is forced to absorb those payoffs into period t + 1 consumption. It is difficult to imagine such a security-all standard securities in financial marke correspond to gambles over income, assets, or wealth, for which −V 11 /V 1 measure of risk aversion is the appropraite one.
The first term in (5) is the same as the expected utility case, while the second term reflects the amplification or attenuation of risk aversion from the additional curvature parameter υ. Moreover, the risk aversion is not invariant with respect to additive shifts of the period utility function, except for the special case of expected utility (υ = 0), because the level of V enters into the right-hand side of (5) . That is, the period utility functions u(., .) and u(., .) + k, where k is a constant, lead to different household attitudes toward risk. The household's preference are invariant, however, with respect to multiplicative transformations of period utility.
Here I have to distinguish two cases: treating consumption and leisure as a single composite good, or not. The household's risk aversion to gambles can be amplified (or attenuated) by the additional parameter υ as η +υ(1−η) (consumption and leisure as a composite good). If non-separable consumption and leisure (not a single composite commodity), the consumption-only coefficient of relative risk aversion (RRA) and intertemporal elasticity of substitution (IES) will depend on α as ηα + υ(1 − η)α and the inverse of
To proceed towards asset pricing, I consider the investment problem
where S t is the wealth invested in some asset with a gross return (measured in consumption units) of R t from period t − 1 to t, W t is the real wage and N t denotes the labor supply. Therefore I can obtain the standard Lucas (1978) asset pricing equation or the stochastic disount factor (SDF),
where Λ t is the Lagrange multiplier on the budget constraint. Now I assume that log consumption is trend-stationary, e.g., C t+1 = K · t + t+1 − t , the linear trend adding an AR(1) process. Then I detrend the model, since it is more convenient to restate the investment problem in terms of the detrended variables. Therefore I define
The maximization of the problem can be rewritten as
subject to
Because of the representative agent, I am able to avoid explicitly solving the household's maximization problem and simply use the first order conditions to find SDF as an analytic function of realized or expectations of future variables.
The Inter-temporal Euler Equation
Thus let Ω t be the Lagrange multiplier for the value function constraint and Λ t be the Lagrange multiplier for the budget constraint. The first-order conditions are
Though I solve my model numerically, I demonstrate the mechanisms working in my model via approximate analytical solutions. To derive these solutions for the model, I find it convenient to work in logs and first order approximations. I define c = log( C) − log(¯ C), l = log(L) − log(L), ζ = log(Γ) − log(Γ) and u = log( U ( C, L)) − log(¯ U ) to be the log-deviations. The second order Taylor expansion of f (c, l) = log U (¯ C · exp(c),L · exp(l)) yields
To provide some further intuition on κ, consider a stochastic neoclassical growth model with a Cobb-Douglas production function, where wages times labour equals the share of labour times output 9 . The usual first order condition with respect to leisure then shows κ to be the ratio of the expenditure shares for consumption to leisure.
Use small letters to denote the log-linear deviation of a variable from its steady state. The value function will be log-linearized to
where
measuring the degree of curvature in departing from the benchmark expected discounted utility framework, and χ = η 1−ηŪ . Note that ξ = υ −η in the steady state path. The equation shows that v t can be related back to the observables, i.e., to c t , l t , as well as ζ t .
Equations (13), (14) and (15) log-linearize to
The Stochastic Discount Factor
The corresponding stochastic discount factor (SDF) can be written as
for the log-deviation of the stochastic discount factor
9 Introduce
. I combine equations from (17) to (21) to derive SDF 10 . The log SDF relates the pricing kernel to macroeconomics variables as the following:
The SDF depends on the framework of temporal utility, i.e., η cc the risk aversion with respect to consumption 11 , η cl,l the preference parameter denoting the non-separable characteristics in consumption and leisure, κ the ratio of the expenditure shares for consumption and leisure, η the risk aversion of the temporal utility, and the curvature of the Epstein-Zin recursive utility function υ. Note that, when coming to the expected utility (ξ = 0 and υ = η), the SDF will be deduced from the function of second moments of the utility function and the shock scaled by the risk aversion as
here I assume that ζ can be predictable.
If consumption and leisure are not non-separable, i.e., η cl,l = 0 and κ = 0, then the SDF can be rewriteen as
Moreover, the expected consumption trend, which is different from the stochastically trending total factor productivity in Lucas (1978) , is scaled by η (Abel, 1990) 12 . Thus, given the parameters of the recursive utility function, the SDF can be explained by six macro variables: news on consumption, leisure, consumption trend growth, and their corresponding short-term growth rates. 10 The details on algebra are shown in the Appendix B. 11 Due to the Epstein-Zin formulation, the role for η cc will be the characterization of intertemporal substitution, rather than risk aversion.
12 Provided logΦ is cointegrated with the log of total factor productivity
Return and Risk in the Model
I rewrite the asset pricing equation (7) as
Here, assume that conditionally on information at date t, m t,t+1 and r t+1 are jointly log-normally distributed, conditional on information up to and including t. Using the standard formula for the expectation of log-normally distributed variables, the above equation can be rewritten as
For the risk-free rate, i.e., for an asset with σ 2 r = 0,
While obtaining the SDF pricing kernel, I then relate the risk premium on any asset to the asset's covariance with factors
To explain (30), I rewrite the equation into risk and risk-price represen-tation (Beta-representation) 13 .
is a term adjusting for the 'Jensen effect'. Long-run risk factors arise because an investor also cares about future growth opportunities when future growth is predictable. The expected future variable will affect the investor's current behaviour through inter-temporal consumption smoothing. This is why the inter-temporal elasticity of substitution enters the price of risk of the risk factors. Moreover, non-separability between consumption and leisure also goes into the risk price for current and long-run leisure terms.
Test Methodology
State Space Representation
To empirically implement the decomposition (30), I follow Campbell (1991) and estimate expected news using a VAR model. This VAR methodology first estimates the terms E t (.) and (E t+1 − E t ) ∞ j (.) and then backs out the individual expected news.
I assume that the data are generated by a first order VAR model
where u t+1 are date (t + 1) innovations, i.e., constitute a vector martingale difference sequence, adapted to the information filtration, and where X t is known at date t. I assume that β · G has all its eigenvalues inside the unit 13 Define
as the risk loadings for factors therefore the risk price will be parameters · σ circle. Here X t is a vector of variables and their lags up to some maximal lag length, containing in particular the log of the ratio of consumption to reference level of consumption log(C t /Φ t ), log leisure logL t , the log of the de-meaned growth of the consumption trend ζ t = log(Φ t ) − log(Φ t−1 ), and the log excess returns logr t as the first, second, third, and fourth variables.
Note that the variance-covariance matrix of the innovation dated t is conditional. And I allow for heteroskedasticity in the innovations but not in the VAR coefficients. The news about consumption, leisure and consumption trend are now given by
The covariance with the news about returns is now
Summing up, one now obtains
and where the dependence on the preference parameter β and time t has been indicated via the argument. Alternatively, it is useful to rewrite the SDF as
where the vectors a, b and, additionally, the vector e 4 , are defined by
Given the VAR representation of the data,
Furthermore, the stochastic discount factor can be rewritten as
where the vectors b is defined as
Above equation is similar as the equation (3) (2004), the contribution of the discounted response to the stochastic discount factor makes consumption predictability a potentially potent way to enlarge risk prices, even over short horizons. Further the term γλ(β) captures the "bad beta" of Campbell and Vuolteenaho (2004) except that they measure shocks using the market return instead of aggregate consumption.
In this paper, λ(β) reflects the intertemporal composition of consumption risk, leisure risk and the trend risk, and create an important measurement challenge in implementation. To be more specifical, under the alternative interpretation suggested by Anderson, Hansen, and Sargent (2003), b λ(β) is the contribution to the induced prices because investors cannot identify potential model misspecification that is disguised by shocks that impinge on investment opportunities. An investor with this concern explores alternative shock distributions including ones with a distorted mean. He uses a penalized version of a max-min utility function. In considering how big the concern is about model misspecification, I ask if it could be ruled out easily with historical data.
VAR-Representation to Extract Innovations
Equation (30) depends on a time-varying Σ t covariance matrix. I firstly estimate the parameters under unconditional covariance. Innovations are extracted from VAR representation. Risk loadings and prices of risk can be estimated through time series and cross-sectional regressions, respectively 14 .
Basically, the theoretical model features two shock components in all per capita consumption, leisure and the consumption trend dynamics. For each variable, the first component, the 'current growth shock', is the one-period growth innovation. The second shock component, which is named the 'expected growth shock', reflects revisions in the expectation of these variables in all future periods. The identification of these shock components and the resulting asset-pricing implications critically depends on two features in the model: 1) the multivariate structure of predictability in all three variables; 2) the recursive utility form.
For the purpose of identifying these innovations, it is important that the 14 Estimation details are shown in the Appendix B.
set of information variables have predictive power beyond that of lagged growth on per capita consumption, leisure and consumption trend in the VAR system. These three predictor variables can be motivated as follows. Firstly, the per capita consumption tracks the business cycle, and there are a number of reasons why expected returns on the stock market could co-vary with the business cycle. Second, the consumption trend will necessarily imply economic trend growth. Third, leisure can be motivated by the dynamic model itself and its data characteristics.
Lastly, in order to investigate the role of the consumption trend in the data, I proceed somewhat artificially as follows. Constructing ζ t as
with
has zero autocorrelation: ρ ζ = 0.71. I also try alternatives for this trend, per ρ ζ = 0.9 and ρ ζ = 0.5. Here I can interpret ζ t as a medium frequency filter to consumption 15 .
Besides these three variables, I also put excess returns as elements in VAR [Hansen, Heaton and Li (2008) and Malloy, Moskowitz and Vissing-Jorgensen (2009)]. I choose Fama-French 25 size-and book-to-market-portfolios as test assets, then the VAR differs across test assets to avoid spurious correlation between a given test asset and innovations. Because my VARs differ across test assets, therefore the conditional expectations for consumption, leisure and the trend are different depending on the excess return of interest so that I do not get a consistent model for dynamics across the test assets. There is no obvious bias in this procedure, but the varying variable dynamics across test assets are somewhat unappealing. To address the impact of estimating a separate VAR for each test asset, I repeat the approach above and estimate a 'mean' VAR in order to see the effects on estimating risk and risk price.
It should be noted that the multi step procedure causes a 'generated regressors' problem in the estimation. OLS standard errors without adjustment for the generated regressors tend to understate the standard errors of the estimated coefficients. There are two layers of such a problem in the estimation procedure. First, the shocks used in the time-series regression of the second step are estimated with an error from the VAR. Second, another generated-regressors error exists in the second and third steps, because the betas used in the cross-sectional regressions are estimated from the timeseries regression in the second step. To deal with this problem, I consider two approaches to calculate the standard errors for the cross-sectional coefficients in the main model of this paper. The first approach is conditional on shocks estimated from the first step and combines the second and third steps into a one-step GMM estimation following Cochrane (2001). The standard errors are Newey-West adjusted with 12 lags. The second set of standard errors is obtained by bootstrapping the VAR errors and repeating these three-step estimations 5000 times. Hence, the second approach takes into account both layers of the generated-regressors errors, though the second layer has been proved to be able to obtain consistent estimates 16 . Moreover, I compare the results of both models with univariate and with multivariate betas 17 .
Data Description
The quarterly sample of 1948-2011 is used after intersecting the data on leisure, non-durable consumption, and asset markets.
Asset Returns
I use three test assets, 25 size-and book-to-market sorted portfolios, 25 sizeand momentum portfolios, and 30 industrial-sorted portfolios on the lefthand side of the unconditional first order condition (31). I also employ the returns on eight Treasury bond portfolios with average maturities of three months, one year, two years, five years, seven years, 10 years, 20 years, and 30 years, obtained from the Center for Research in Security Prices (CRSP) from January 1948 to December 2011. I use the three-month T-bill rate from FRED over the period January 1948 to December 2011 as the riskless rate 16 In a more general context, Jagannathan and Wang (1998) show that I can obtain a consistent estimate in the cross-sectional regression and asymptotically the estimate follows a multivariate normal distribution. Without the assumption of conditional homoskedasticity of the disturbance terms given the factors, Skoulakis (2005) provides an expression for the asymptotically valid covariance matrix of estimates.
17 Jagannathan and Wang (1998) show that a nonzero risk premium for a factor in a model with univariate betas does not imply a nonzero risk premium on the same factor in the corresponding model with multivariate betas. of interest.
Consumption Growth
The real level series for nondurables and services is obtained by accumulating the log growth rates, and taking the exponent of the resulting series with the first value of the series normalized to one. The series is then rescaled in the base year (2005) . To generate the per capita series, I use a filtered version of the quarterly population series. To deal with the seasonality issue, the population series I use is the exponent of the Hodrick-Prescott trend of the logarithm of the original population series.
Leisure Growth
To calculate leisure data, I collect working, schooling and home production, communication and personal care hours, respectively. Home production data comes from AHTUS 1965 , 1975 , 1985 and BLS 2003 -2010 . Commuting time is also considered: in the absence of firm evidence, I assume that commute times were 10 percent of total hours worked, equal to the average during the last 40 years of the sample. The time-use studies of high school and college students from the late 1920s to the present all suggest school commute times approximately equal to 10 percent of total time spent on school and homework. Thus I use a constant 10 percent commute time for this activity as well. For personal care time, I subtract 77 hours from the time endowment 19 . This number is very similar to the estimates for all individuals ages 15 and up in the time-use surveys of the 2000s.
Basic Results
Data Analysis
Innovations are extracted via Vector Autocorrelation (VAR) representation for filtered per capita consumption, leisure and the consumption trend.
The figures 9 and 10 show different news for four variables in the bootstrapping impulse response functions. The growths are more consistent than are the natural log levels. In particular, a bad shock increases leisure growth and decreases consumption growth, which is consistent with theory.
A Linear-factor Asset Pricing Model
In this part, results are reported under unconditional covariance among variables; a linear-factor asset pricing model (31) explains cross-sectional returns on assets.
To avoid models that researchers would never consider in practice, I narrow down the focus to my new long-run factor, the consumption-based CAPM, and the Fama-French three-factor modelsto price 25 size-and bookto-market ratio portfolios. Since the Fama-French three-factor model obtains a 'factor-structure' pattern, it is chosen as the benchmark 20 .
My new factor model is stated as:
1. The model with long-run consumption-leisure trend three factors:
where growths on per capita consumption, leisure and the consumption trend are represented by factors lrc t+1 , lrl t+1 and lrg t+1 denoting long-run growth 19 According to Wilson (1931) and the USDA (1944), housewives in the 1920s spent about 77 hours per week on sleep, rest, eating meals, and personal grooming. 20 Lewellen, Nagel and Shanken (2009) advocate this solution to the problem.
among these variables 21 .
2. Consumption-based CAPM (CCAPM):
where c ndur t+1 is the growth rate of non-durable consumption.
3. Fama and French (1992) (FF3) document the role of size and book/market in the cross-section of expected stock returns, and show that CAPM are not supported by the data
where R eM t+1 , SM B t+1 and HM L t+1 stand for the market return, size and book-to-market ratio factors, respectively.
I turn to the main findings of the paper now. This subsection first looks at how portfolios load on these factors, and then I examine whether the factor loadings are significantly priced. For the purpose of comparison, the factor exposures in benchmark models are reported. Table 3 and table 4 explain the portfolios' exposures to CCAPM and Fama-French three-factor models via multivariate and univariate time-series regressions. Each row in the tables from left to right represents the size portfolios from small to big in a given book-to-market category. Each column from top to bottom corresponds to lowest to highest book-market quintiles for a given size category. There is a weak correlation between average returns and the exposures to the market factor. The SMB factor captures the size effect and the HML factor lines up with returns on the book-and-market dimension. Almost all factor loadings are statistically significant at block bootstrapping 5% level. Likewise, table 5 and tables 6 show the performance on my linear-factor model. The long-run leisure factor explains the size effect, while it does negatively line up well with returns on the book-to-market effect; long-run consumption behaves oppositely to the leisure factor. The consumption trend weakly lines up with returns on the size-and book-to-market effects. With univariate regression, the trend captures size and book-to-market effects, simultaneously. The long-run consumption factor weakly obtains these characteristic, so does the long-run leisure. To sum up, the factor loadings are significant for my new factor model: the long-run factors can capture the book-and-market and 21 To identify preference parameters in equation (31), I also estimate a six-factor model: y
size spreads.
In order to further examine whether the risks measured by these factor loadings are significantly priced, I can look at the results of cross-sectional regressions. I consider two alternative formulations (with and without the constant term) to assess the models' ability to capture the cross-section of average returns. The constant term should be zero according to theory; a non-zero large constant term indicates that a model cannot price the assets on average. A non-zero λ 0 can also be interpreted as a zero-beta rate different from the risk free rate that is imposed 22 . In some specifications, the sign and magnitude of the estimated risk premia are found to depend on the inclusion of the constant. Table 7 gives us the prices of risk, R 2 , and pricing error tests without the constant term for all candidates. The first row ('mean') shows the λs (prices of risk) for factors after average innovations are taken from the VAR. The second row ('vector') gives the results when 25 'cells' innovations are used to price the risks on Fama-French 25 portfolios, since I put each test portfolio as the fourth element in the VAR estimation. From the third to the eighth rows, various standard errors (i.i.d., Shanken, and GMM) and bootstrapping (5000 times) upper-lower bands are shown. If the estimated standard errors stay between the upper and the lower band, it means the estimates are not statistically significant. The long-run factors statistically can price risks on assets well, comparing the same performances on market return and book-tomarket loadings in the Fama-French three-factor model. Besides, the trend factor is able to explain the risk, though its factor loadings are small via time-series regressions. It should be mentioned that the upper-lower bands here are computed using 'mean' innovations: the 'vector' upper-lower bands are not reported. However, the risk prices are still significant for all long-run factors 23 . Similar results are shown in Table 8 . Then the R 2 s (Adjusted R 2 s) are 79.4% (76.6%) and 89.8% (88.5%) for my long-run three-factor models and Fama-French three-factor, respectively. Without the constant term, the Fama-French three-factor model still has higher explanatory powers than my model: the difference is about 10%, while CCAPM obtains the lowest. In the last three columns of the table, I test the pricing errors with Alpha tests: the null hypothesis states that the pricing errors are zero. My model cannot be rejected by the hypothesis, while pricing errors are significantly not equal to zero for the other candidates. Tables 9 and 10 give us the direct image from the cross-sectional regression with a constant term, in which the λ 0 s for the two models are quite small for the zero-beta portfolio and are also insignificant. Like the results without a constant term, the long-run factor loadings significantly price risks of assets. R 2 s (Adjusted R 2 s) on my factor models obtain less explanatory power for the benchmark. According to the Alpha tests, the null hypothesis, which states that the pricing errors are zero, cannot be rejected for my model, but the CCAPM and Fama-French three-factor model obtains significant pricing errors.
To avoid the 'generated regressors' problem, the cross-sectional regression by GMM is reported. The long-run factors statistically significantly price risks. The J-test in the last two columns cannot be rejected, in which the null hypothesis states that the model is 'valid'. In the literature, those linear factor models are usually rejected by this statistical test 24 . From Table  11 , I can conclude that my factor model is valid: I cannot statistically reject the null hypothesis. This method statistically proves such results from Table  5 to Table 10 . Figure 11 plots the fitted returns of each model against the actual returns. If the observed returns are consistent with the risks measured from the models, the fitted returns and actual returns should line up along a 45 degree line from the origin. In the left column I can see that the long-run three factors model is centered on the 45 degree line from the origin. In comparison, the fitted line for the Fama-French three-factor model is too wide.
And last, using equation (31), I can identify the preference parameters under the unconditional covariance matrix, such as κ, υ and η. A six-factor ICAPM y N 6 t+1 = θ 0 +θ 1 ∆c t+1 +θ 2 ∆l t+1 +θ 3 g t+1 +θ 4 lrc t+1 +θ 5 lrl t+1 +θ 6 lrg t+1 is estimated via time-series and cross-sectional regressions 25 . However, the last four significant estimates empirics are of help in identifying the preference parameters κ (the consumption-leisure ratio), ξ (the curvature in E-Z), υ and η (both characterize risk aversion and EIS) in equation (30). Therefore the estimated RRA and EIS are equal to 5.7832 and 1.4807 for 'vector' innovations (26.9072 and 0.4061 for 'mean' innovations) after running a cross-sectional 24 If there are over-identifying restrictions, the test statistics are known to over-reject the null hypothesis. 25 To save space, the tables are not reported in this paper.
regression without the constant term; while with the constant term, the applied RRA and EIS are 2.0235 and 1.13102 for 'vector' innovation (11.6050 and 0.5032 for 'mean' innovations). In this case I empirically prove that EIS is not the inverse of RRA like the expected utility function does. Moreover, I cannot simplify the stochastic discount factor (SDF) as the state space like consumption growth (Malloy, Moskowitz and Vissing-Jorgensen, 2009), instead I need to apply the general SDF to explain cross-sectional returns (Hansen, Heaton and Li, 2008).
Hansen-Jagannathan Distance and Multiple Comparison Test
Because of drawbacks to the R 2 , I apply various Hansen-Jagannathan (HJ) distances to evaluate the pricing performances and to test the rankings (Zhang, 2011). The basic motivation of the HJ distance is to supply a method to find the least mis-specified one among some candidates 26 .
The basic HJ, the modified HJ (Kan and Robotti, 2008), the unconstrained HJ, and the constrained HJ (Gospodinov, Kan and Robotti, 2010) are used to rank the mis-specification of the candidates. The long-run threefactor model outperforms the other two across these four distance measures. In addition, the statistical test will be that the distance measure is equal to zero as the null hypothesis. For my model, the Fama-French three-factor, and the CCAPM, I cannot reject the null hypothesis for all HJ distance measures. Besides I apply the block-bootstrapping multiple comparison test in the last four rows (Zhang, 2011) to test whether the rank stays statistically true. The null hypothesis states that the winner obtains the minimum HJ distance among others. The last four rows of Table 14 show that the statistical p values are 0.2488, 0.3636, 0.2456 and 0.533, respectively, for my consumption-leisure-trend three-factor model cannot be used to reject the null hypothesis across four distance measures. In other words, the model statistically gets the least mis-specified measures compared to the other pricing models.
Additional Robustness Checks
In this section, I will extend the candidate models and test portfolios, i.e., the Fama-French 25 size and momentum, and 30 Industry-sorted portfolios.
For the candidate models, the following will be considered:
1. The Yogo non-durable and durable consumption model
where c ndur t+1 denotes durable consumption growth.
The Fama-French 25 size and momentum, which are constructed monthly, are the intersections of five portfolios formed on size (market equity, ME) and five portfolios formed on prior (2-12) returns. The 30 industry-sorted portfolios are NYSE, AMEX, and NASDAQ industry portfolios based on its four-digit SIC code at that time, whose returns are from July of t to June of t + 1.
To save space, I only report the important results, i.e., the Alpha tests, J tests, R 2 s, and HJ mis-specified distance measures. Table 13 shows that four models explain the Fama-French 25 size-and momentum-portfolios. The second and the third columns present R 2 s, consumption-leisure four-factor model obtains higher values on both R 2 and adjusted R 2 . The results with a constant term are reported in the brackets below; the Fama-French three-factor gets more explanatory power than the others. The fourth to the tenth columns show the results of the Alpha and Chi square tests for pricing errors. Higher p values indicate that I cannot reject the null hypothesis, that the pricing errors are zero. Like the result in pricing the Fama-French 25 size and book-to-market ratio portfolios, the Fama-French three-factor model statistically has non-zero pricing errors, though my long-run three-factor does not. The last four columns represent mis-specification measures; my long-run models statistically obtain the smallest measures among the candidates, in other words, the model stays the least mis-specified.
30 industry-sorted portfolios are priced by candidate models in Table 14 . Different from the above portfolios, the Fama-French three-factor obtains the highest R 2 s whether there is a constant term or not. All the factor models statistically get zero pricing errors to explain industry-sorted assets via the Alpha and Chi square tests. The results on the mis-specification measures show that the Fama-French three-factor statistically outperforms the others.
Concluding Remarks
In his discussion of the empirical evidence on market efficiency, Fama (1991) writes: '. . . and relates the behaviour of expected returns to the real economy in a rather detailed way.' In this paper, I have exhibited a model that meets Fama's objectives and, empirically, my long-run leisure model helps to explain the cross-sectional returns.
In this paper I show that the empirical data properties suggest a model for consumption, leisure, and minimum consumption requirements to explain the long-run growth risk and persistent time-varying volatility in the financial markets. Non-separable Epstein-Zin preferences allow the leisure growth dynamics to interact with the consumption growth dynamics to generate interesting asset pricing implications. Compared to a model with consumption only, incorporating leisure substantially reduces the impact of long-run growth risk, but introduces a strong long-run volatility risk that makes major contributions to the implications of the model. In concluding the paper, I point out some limitations and thus possible extensions of this study.
Much of the real business cycle literature is concerned with also explaining the pro-cyclicality of hours worked. The neoclassical framework in the model can also be extended to link asset prices with other types of intangible capital, e.g., human capital and organizational capital. Empirically, the correlation between human capital, organizational capital, and physical capital and their relations with the cross-section of equity returns is worth investigating further. Table 4 : Exposure to Benchmark Candidates (Univariate)
Notes: The table shows the exposures to consumption-based CAPM and FamaFrench three-factor models when explain Fama-French 25 size and book/market ratio portfolios. To estimate the model, I extract innovations from VAR firstly, then estimate βs through time series regressions. It should be noted that the multi-step procedure causes "generated regressors" problem in the estimation. The standard errors are obtained by bootstrapping the VAR errors and returns and repeating the 3-step estimations for 5000 times, then report the upper and the lower band for estimated standard variances. Here the model is estimated with univariate betas. * * denote block bootstrapping statistical significance at 5% level. Notes: The table shows the exposures to consumption-leisure-trend threefactor model when explain Fama-French 25 size and book/market ratio portfolios. To estimate the model, I extract innovations from VAR firstly, then estimate βs through time series regressions. It should be noted that the multi-step procedure causes "generated regressors" problem in the estimation. The standard errors are obtained by bootstrapping the VAR errors and returns and repeating the 3-step estimations for 5000 times, then report the upper and the lower band for estimated standard variances. Here the model is estimated with univariate betas. * * denote block bootstrapping statistical significance at 5% level, * denote block bootstrapping statistical significance at 1% level Notes: Because of drawbacks on R 2 , I apply various Hansen-Jagannathan (HJ) distance to evaluate pricing performances and to test the rankings (Zhang, 2011). The basic motivation of HJ distance supplies a method in order to find the least mis-specified one among candidates.
Hansen and Jagannathan (1997) develop a measure of degree of misspecification of an asset pricing models. This measure is defined as: min m∈ℵ m − y the least squares distance between the family of stochastic discount factors that price all the assets correctly and the stochastic discount factor associated with and an asset pricing model.
The basic HJ, modified HJ (Kan and Robotti, 2008), unconstrained HJ and constrained HJ (Gospodinov,Kan and Robotti, 2010) are used to rank misspecified measures on candidate models. Candidates are: consumption-based CAPM, Fama-French three-factor, and long-run three-factor models. Notes: The tables gives the rolling correlation between stock returns and the growth of leisure and per capita consumption. Aggregate consumption is filtered by an exogeneous consumption trend and some predictable movements, i.e., real market price-dividend ratios, is also taken out, in order to calculate conditional correlations and standard deviations. The same is true for non-durable consumption [Bansal, Yaron, and Kiku (2007a)] and leisure. Log excess returns r t+1 − r f t is calculated using the time series TRSP500, which is the total value of a S&P500 portfolio, with dividends reinvested, took logs and quarterly averages, and subtracted from this series the log of the value of a 'safe' portfolio of compounded quarterly interest rates, taken from the one year treasury bill rate. Kendall rank correlation is a non-parametric test that is used to measure the degree of association between two variables. The correlation test does not assume any assumptions about the distribution. 
